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Abstract

Federated learning across quantum devices offers a pathway to scalable and privacy-preserving quantum machine
learning. However, existing frameworks exchange large gradients or model parameters, creating severe communi-
cation and execution overheads that scale with system size and often destabilize training on heterogeneous client
data. We introduce Loss Aggregation Quantum Federated Learning (LossAgg-QFL), a framework that transmits only
scalar loss values from each client to a central server. Using Simultaneous Perturbation Stochastic Approximation
(SPSA), the server infers global parameter updates through constant-cost evaluations, eliminating dependence on
qubit number, circuit depth, and parameter dimension. This design reduces per-round communication and circuit
executions by up to 10° times and improves runtime scaling from O(n?) to O(n) with respect to qubit count. A multi-
directional SPSA strategy further stabilizes optimization, lowering convergence variance from 3.6% to 0.8% across
stochastic, gradient-free updates. Evaluations on the MNIST and Fashion-MNIST benchmarks show that LossAgg-
QFL achieves up to +59% and +33.8% improvements in accuracy under label- and quantity-skew conditions, and
also outperforms baseline methods under balanced data. By aligning learning dynamics with quantum-hardware
constraints and federated scalability, LossAgg-QFL demonstrates that loss-based aggregation can elevate quantum
federated learning from primarily simulation-driven studies to a more practical and resource-efficient paradigm for
distributed quantum intelligence.

I. INTRODUCTION

Quantum Federated Learning (QFL) [[1]]-[4] combines quantum computing [5], [6] with the decentralized archi-
tecture of Federated Learning (FL) [7], [8]], offering a promising path toward scalable, privacy-preserving distributed
quantum intelligence. As hardware roadmaps progress toward modular, distributed, and multi-chip quantum proces-
sors [9], [10], QFL naturally aligns with these interconnected resources. However, practical deployment is severely
hindered by several critical bottlenecks.

A central barrier is communication overhead [11]], [[12]. Conventional frameworks exchange large parameter
vectors or gradient sets with costs that grow with qubit count and model size, creating prohibitive bandwidth
usage and complicating privacy-preserving protocols [13]], [14]]. Another fundamental challenge is the non-IID
quagmire [15]-[17]], where heterogeneous, imbalanced, or label-skewed client data cause high-dimensional local
gradient updates to magnify local discrepancies, resulting in training divergence and reduced accuracy [[18]], [[19].

These obstacles are further exacerbated by a gap between simulation and hardware feasibility. Most QFL studies
evaluate with classical simulators using exact-gradient optimizers such as Adam [20]. On real quantum hardware,
however, back-propagation [21]] is infeasible due to wavefunction collapse [22f, [23]]. While the parameter-shift
rule [24]], [25]] provides accurate gradient estimates, its circuit executions scale extensively with model size and
depth, making repeated evaluations under device noise unstable and resource-prohibitive [26]. Taken together, these
limitations highlight the need for a new framework that is both resource-efficient in hardware cost and robust to
heterogeneous data.

To this end, we propose Loss Aggregation Quantum Federated Learning (LossAgg-QFL), a resource-efficient and
robust framework designed for practical quantum processors. Instead of transmitting large parameter vectors, clients
report only scalar losses, and the central server estimates gradients using a multi-directional variant of Simultaneous
Perturbation Stochastic Approximation (SPSA) [27], [28]]. This design reduces communication and execution costs
by orders of magnitude, while enhancing robustness against non-IID data and optimization stochasticity. Our core
contributions are:
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« Resource efficiency in quantum federated learning: LossAgg-QFL reduces communication (uplink data)
and executions (circuit evaluations multiplied by shots) to a constant overhead O(1) per client per training
round, independent of qubit count, circuit depth, or model architecture. It lowers device runtime scaling from
O(n?) to O(n) with respect to qubit number n [29], [30], yielding up to a 10°x total reduction.

o Robustness to data heterogeneity and stochastic updates: By aggregating scalar losses rather than high-
dimensional gradients, LossAgg-QFL mitigates bias from heterogeneous client updates under non-IID distri-
butions, achieving up to +59% accuracy gains over FedAvg [8] and FedAdam [18]] in label-skew scenarios.
Furthermore, its multi-directional SPSA strategy reduces gradient-free estimation variance from 3.6% to 0.8%,
ensuring stable convergence.

II. PROPOSED FRAMEWORK

We introduce Loss Aggregation Quantum Federated Learning (LossAgg-QFL a resource-efficient and robust
framework designed to bypass high-dimensional communication overhead and the non-IID data heterogeneity
quagmire. Conventional QFL frameworks exchange large gradient or parameter tensors between clients and the
central server, an approach that is both communication-intensive and incompatible with quantum hardware where
back-propagation is infeasible due to wavefunction collapse [22]. LossAgg-QFL reframes this paradigm by trans-
mitting only scalar loss values from each client to the central server, decoupling learning efficiency from parameter
dimensionality.

The protocol operates via a decoupled, loss-centric communication loop across four core phases: (1) The central
server samples and broadcasts Nspsa random perturbation trajectories {Aﬁ")} to all participating clients; (2) Local
clients evaluate perturbed circuit losses Lgn)i =L(z = ctAEn)) strictly on their private datasets D;, avoiding local
gradient or parameter updates; (3) The server aggregates these scalar responses into global averages L= weighted
by dataset size; and (4) The server reconstructs the global descent trajectory from the aggregated scalars, executing
global parameter updates via multi-directional stochastic approximation.

Each training round computes global weighted loss averages L = (3., D)1y, DiLgn)i, which act as
unbiased estimators of the total loss across the system. Rather than relying on parameter-shift rules scaling as O(p),
LossAgg-QFL reconstructs the global gradient using a multi-directional stochastic approximation strategy. For each
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perturbation direction n, the central server approximates the global gradient vector as: gt(") = L"TL“A?) 1,

where A,ﬁ”) is a random perturbation vector drawn from a Rademacher distribution (£1), enabling the simultaneous
approximation of all high-dimensional parameter trajectories using only two loss evaluations per sampled direction.

To mitigate quantum sampling fluctuations, transient device noise, and non-IID variance, we average these
reconstructed estimates over Ngpsa random trajectories. The central server integrates these updates using two distinct
aggregation options: LossAgg (Averaging), which averages updates across directions x;41 = @ don m§n) follow-
ing FedAvg principles for low-overhead parameter estimation; or LossAggAdam (Adaptive), which incorporates
momentum tensors m; = B1my_1 + (1 — B1)(x411 — 2¢) and variance tracks vy = Bovy_1 + (1 — B2) (2411 — m¢)?
with bias-corrections to dynamically update global parameters via ;11 = ¢ + 71 /(v/0¢ + 7). By communicating
only scalar values, this design limits structural information exposure, natively mitigating vulnerability to gradient
inversion attacks [31]] without altering the core communication primitive.

The framework was evaluated using Qiskit [32]] across Iris, MNIST [33[], and Fashion-MNIST (FMNIST) [34]
benchmarks, staging 10-client and 8-client setups with a mini-batch size of 16. To simulate real-world heterogeneity,
three canonical partitioning strategies were tested: (i) Label distribution skew, restricting clients to #C € {1, 2}
classes; (ii) Quantity skew, generated via a Dirichlet distribution (« = 0.5); and (iii) /ID uniform distribution.
Performance evaluation metrics consist of uplink payload volume, total circuit executions (circuits X shots), wall-
clock device occupation runtime, and top-1 classification accuracy across 5 independent runs.

III. MAIN BENCHMARKS
A. Communication, Execution, and Runtime Complexity
For a QNN with n qubits, L layers, and c trainable parameters per qubit per layer (p = ¢ - n - L), practical
ansitze require parameterized two-qubit gates scaling quadratically with width (¢ = O(n)) [35], while depth L
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scales linearly with n [36]. Consequently, conventional parameter-shift (PS) frameworks incur a per-round uplink
communication payload of Cps = O(p) = O(n*L) — O(n?). LossAgg transmits only two scalar loss values
per perturbation trajectory direction. Given Ngpsa trajectories, the per-round uplink overhead remains completely
flat at Cpossage = 2Nspsa = O(1), fully independent of circuit width or layer depth, yielding a 10%x reduction
at (n,L) = (64,50). This structural separation extends to physical quantum hardware execution counts (/N) and
device occupation runtimes (7"). Standard parameter-shift protocols require two independent circuit evaluations per
parameter per training update direction, yielding Nps = 2p RS = O(n?L). LossAgg requires only two evaluations
per perturbation direction: Niogage = 2 Nspsa S = O(1). At moderate circuit complexities (n,L) = (32,40),
PS requires over 107 total circuit executions per round, whereas LossAgg remains pinned at a constant baseline,
yielding a 10%x resource reduction. Accounting for layer-wise hardware scheduling overhead where gate depth D
scales with n, the hardware execution runtime shifts from Tps = O(n3L?) down to Tj Lossage = O(nlL), cutting
active hardware occupation time by more than 10°x at (n, L) = (32,40).

B. Variance Suppression and Heterogeneous Data Resilience

While single-direction gradient-free stochastic approximation minimizes evaluation complexity, it can introduce
pronounced stochastic variance under quantum sampling noise, thereby destabilizing optimization trajectories.
LossAgg-QFL suppresses these fluctuations by averaging gradient estimates across Ngpsa orthogonal trajectories
per round, smooths the global descent vector, and enables higher learning rates without expanding communication
volume beyond its strict O(1) boundary. Empirically, scaling Ngpsa from 10 to 40 smooths the optimization
trajectory, reducing convergence variance from 3.6% to 0.8% while elevating top-1 mean accuracy from 48.9% to
83.5%.

To evaluate resilience against non-IID heterogeneity, extensive empirical benchmarks were conducted across Iris,
8-class, and 10-class variants of MNIST and Fashion-MNIST under diverse partitioning topologies (including label
skews, quantity skews, and IID controls). Table |I| presents representative, highly constrained non-IID configurations
from these evaluations to isolate optimization stability under extreme statistical distribution shifts.

TABLE 1
ToP-1 CLASSIFICATION ACCURACY (%) UNDER HETEROGENEOUS DATA CONFIGURATIONS

Dataset Non-IID Partitioning Strategy FedAvg FedAdam LossAgg LossAggAdam
10-MNIST Label Skew (#C =1) 18.6 =38 309 +£27 68.8+09 70.1 + 3.1
Quantity Skew (¢ ~ Dir(0.5)) 554 +2.5 614+05 675+06 67.7 £ 3.0
10-FMNIST Label Skew (#C =1) 205 +£60 314+49 633+ 17 62.0 = 1.7
Quantity Skew (¢ ~ Dir(0.5)) 58.0 3.2 59.0+2.1 63.0£15 613 £ 1.8

As summarized in Table [I, high-dimensional gradient-exchange baselines (FedAvg and FedAdam) exhibit severe
performance degradation and early convergence plateaus due to local update updates amplifying client discrepancies.
In contrast, by aggregating low-dimensional scalar loss values instead of large parameter tensors, LossAgg-QFL
filters out client-specific parameter bias. In extreme label-skew settings, L.ossAgg outpaces FedAvg by up to +59 %
and FedAdam by +48.1%. Under quantity-skew configurations, it yields up to a +33.8% accuracy gain, establishing
uniform convergence across heterogeneous networks.

IV. CONCLUSION

LossAgg-QFL introduces a paradigm shift in distributed quantum machine learning by substituting high-dimensional
parameter or gradient tracking with a scalar loss aggregation primitive. Driven by a multi-directional stochastic
approximation engine, the framework reduces per-round uplink communication bandwidth, discrete circuit execu-
tions, and physical hardware runtime complexities by up to six orders of magnitude. Crucially, by isolating and
neutralizing local update updates, it resolves the non-IID heterogeneity quagmire, yielding substantial classification
accuracy gains under severe label and quantity skews. This combination of constant-cost hardware scaling and data
resilience transforms quantum federated learning from a simulation-bounded theory into a highly practical protocol
for real-world distributed quantum processors.
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